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Abstract 

A generalization of the Discrete Wavelet Packet Transform 
(DWPT), referred to as Overlapping Discrete Wavelet Packet 
Transform (ODWPT), is proposed. In contrast to the tradi-
tional DWPT, the ODWPT assumes overlapping among the 
frequency sub-bands at various levels of the transform. Based 
on this overlapping strategy, a new set of speech features that 
is specially designed for speaker recognition is derived. The 
practical significance of our approach has been evaluated in 
comparative experiments performed on the 2001 NIST 
Speaker Recognition Evaluation database. The proposed fea-
ture set has proved to outperform the widely-used Mel-
frequency cepstral coefficients (MFCCs) and other wavelet 
packet-based speech features that were successfully utilized 
for speaker recognition. 

1. Introduction 

The cepstrum-based speech features, such as the Mel-
frequency cepstral coefficients (MFCCs), are currently one of 
the most popular parameterizations of the speech signal in 
speech and speaker recognition applications. In general, 
speaker recognition aims at detecting the speaking person by 
exploiting speaker-related characteristics of the speech signal, 
whereas speech recognition aims at capturing typical proper-
ties of phonemes, irrespective of any person-specific varia-
tions. The dissimilar goals in these two tasks infer that differ-
ent precision of representation of the spectral information is 
required. A more general and smooth estimation of speech 
spectrum would facilitate the speech recognition task, while 
more details contribute to better speaker differentiation.  

Although Discrete Fourier Transform (DFT) is the domi-
nant technique for analyzing time series, Wavelet Transform 
and particularly Wavelet Packet Transform (WPT) have been 
proven effective signal-processing tools in a variety of speech 
processing applications. In particular, Discrete Wavelet Packet 
Transform (DWPT) has been successfully used in [1] and [2] 
for the task of speaker recognition outperforming MFCCs and 
wavelet-based features such as those used in [3] and [4]. In 
[1], wavelet packets were exploited in order to closely follow 
the critical band concept introduced in [5] and firstly esti-
mated in [6]. In [2], wavelet packet-based speech features, 
fine-tuned for speaker recognition, were utilized for measuring 
the relative importance (with respect to speaker differentia-
tion) of disjoint frequency sub-bands. WPT-derived speech 
features had been used in [3] and [4] for speech recognition 
and speaker identification, reportedly outperforming MFCCs. 

Psychoacoustic masking data [7] have proved that critical 
bands impose a limited frequency resolution while adjacent 
filters that delineate these critical bands overlap significantly; 
furthermore, not only are the skirts of the filters non-abrupt, 
but there are multiple filters per critical band. Typically, criti-

cal band-based analysis of speech signals consists of non-
overlapping equivalent rectangular bands (ERBs). Each band 
is a critical band wide, and roughly 20 bands span the fre-
quency range [0, 5] kHz. However, there is no perceptual nor 
physiological motivation for a small set of fixed-center fre-
quency filters. That is, if we simply span the frequency range 
with non-overlapping ERBs, the system is incorrectly sensitive 
to the absolute locations of speech harmonics and resonances. 
A resonance at precisely the transition between two ERBs will 
pass through both bands, but a resonance slightly higher will 
pass primarily through one. When we examine spectral transi-
tions in speech, this problem gets worse. Therefore, to reduce 
the model's sensitivity to absolute frequencies, we use multiple 
filters per critical band, each one a critical band wide and 
overlapping adjacent bands significantly. This solution is con-
sistent with a physiological interpretation of the mechanical 
filtering of the cochlea described in [8]. Filter structures based 
on the abovementioned general characteristics were imple-
mented in [9] and [10]. These consisted of overlapping fre-
quency responses including multiple center frequencies per 
critical band for modeling purposes. In these particular works, 
however, overlapping was achieved by means of the DFT, 
relying on its unitary frequency resolution. 

In the present work, we utilize the wavelet packets meth-
odology for processing specific sub-bands of interest with 
multiple wavelet filters, each one stressing particular charac-
teristics of the corresponding frequency bands. A generaliza-
tion of the DWPT to an Overlapping DWPT, which incorpo-
rates overlapping among the separate levels of the wavelet 
packet transform, is introduced. It allows a multi-resolution 
analysis to be performed for certain areas of the frequency 
axis, covering them simultaneously with wavelet packet filters 
from different levels. The analyses performed at various reso-
lutions allow exploring both large-scale traits and details of 
the underlying process. The overlapping concept departs form 
the orthonormality principle, and introduces a certain degree 
of redundancy. However, since in classification tasks, as in the 
various speaker recognition applications, reconstruction of the 
speech signal is not required, this departure from the or-
thonormality does not cause problems.  

Employing the proposed ODWPT a novel set of speech 
features, referred to as Overlapping Discrete Wavelet Packet 
Features (ODWPFs), which is fine-tuned for speaker verifica-
tion was derived. In Section 6, the novel ODWPFs are com-
pared with the MFCCs and the wavelet packet-based features 
presented in [1]-[4].  

2. Wavelet Packet Analysis 

Wavelets are functions with specific properties useful in the 
analysis of continuous and discrete-time signals. The basic 
component of wavelet analysis is the Continuous Wavelet 
Transform (CWT). It provides a time-scale representation of a 
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continuous function using translations and dilations of a single 
function, called wavelet. A detailed presentation of wavelet 
analysis and its basic transform, CWT, can be found in [11]. 

The basic tool for the practical analysis of discrete-time 
signals via wavelets is the Discrete Wavelet Transform 
(DWT). It is an orthonormal transform that can be regarded as 
a sub-sampling of the two dimensional CWT on dyadic scales 

, and times , providing a one di-

mensional time-scale representation of the signal. 
A generalization of the DWT is Discrete Wavelet Packet 

Transform (DWPT), which allows an effective representation 
of the time-frequency properties of a discrete signal so that 
useful features for a particular purpose can be appropriately 
extracted. It provides localized time-frequency information 
about a signal. In addition, each level of DWPT provides ho-
mogeneous frequency and time analysis in contrast to DWT 
that provides an octave-based decomposition. 

The most appealing aspect of DWPT is that carefully se-
lected basis vectors belonging to different level DWPTs can be 
grouped together in order to create an even larger collection of 
orthonormal transforms. DWPT provides a flexible tiling of 
the time - frequency plane with various frequency resolutions 
in the corresponding time intervals. A fairly comprehensive 
presentation of DWT and DWPT along with their merits 
against DFT can be found in [11]. 

3. Overlapping Discrete Wavelet Packet 
Transform (ODWPT) 

The Overlapping Discrete Wavelet Packet Transform 
(ODWPT) is a generalization of the DWPT that allows an 
effective utilization of specific frequency intervals of interest. 
The DWPT can be considered a special case of the ODWPT 
for redundancy factor M = 0, i.e. overlapping set to zero. In 
the present section, we discuss analysis of a time series with 
ODWPT and briefly mention its potential applications. 

Let , where  is an integer multiple of 

 for some positive integer J, denote a real valued discrete 
time signal. For , the level  ODWPT of  is an 
non-orthonormal transform yielding an  dimensional 
vector of coefficients, where is a non-negative integer rep-
resenting the redundancy factor of the transform. This vector 
can be partitioned as , where each 

 is a  dimensional vector, and n
jM  are 

integers that satisfy  

.   

Each element of the vector  is nominally associated with 

adjacent time intervals of width  and frequency 

intervals  

. 

Thus, these  vectors divide the Nyquist frequency interval 
 into  overlapping intervals of various widths, and 

each one of its  elements provides information 

associated with the time interval  

. 

In the same way as in the DWPT, carefully selected basis 
vectors belonging to different levels of the ODWPTs can be 
grouped together in order to create an even larger collection of 
overlapping transforms. This is achieved by organizing all the 
ODWPTs for levels  into a tree structure, called 
Wavelet Packet (WP) tree, keeping the notation of the DWPT. 

Having constructed the WP tree, the coefficient vectors 
 can be collected together to form a set 

, where each  is 

nominally associated with the frequency band . Any subset 

 that provides a complete overlapping coverage of the 

interval  with coefficient vectors  yields an 

ODWPT. In this way, ODWPT provides a flexible tiling of the 
time-frequency plane with various frequency resolutions in the 
corresponding time intervals along with emphasis in specific 
frequency subbands.  

In contrast to DWT and DWPT, ODWPT is a non-
orthonormal transform. Thus, its applications are restricted to 
tasks where reconstruction of the signal is not essential, and 
the requirement for orthonormality can be relaxed. For in-
stance, in the speech and speaker recognition tasks the speech 
parameterization process requires only the forward ODWPT 
(analysis part), rendering the backward transform (reconstruc-
tion part) unnecessary. 

4. ODWPT tree design  

There exists a huge number of overlapping transforms that can 
be selected among. To restrict the number of potential candi-
dates we have set two criteria: Firstly, our search was focused 
in these areas of the frequency axis that are considered rela-
tively more important, and thus, they need emphasis as con-
cerns their contribution to the feature extraction process. 
These are the areas in which the critical bandwidth changes 
from a lower value (finer resolution) to higher values (coarser 
resolution); Secondly, taking into account the approximate 
character of critical bandwidths, we performed an objective 
study of the various transforms that could be built covering 
these critical band areas. The relative merit of each transform 
was evaluated on the Polycost speaker recognition database 
[12]. 

According to the critical band concept, first introduced in 
[5] and estimated later in [6], the frequency selectivity of the 
human auditory system decreases with increasing frequency. 
Concerning the feasible with ODWPT frequency resolutions, 
we focus on frequency areas 1 ± 0.125 kHz and 2.5 ± 0.250 
kHz. These are the areas where frequency resolutions change 
[7]. In our case this change is from 31.25 Hz to 62.5 Hz and 
from 62.5 Hz to 125 Hz, respectively. In order to select the 
best overlapping features, we experimented with a number of 
ODWPT trees. A multitude of overlapping wavelet packet 
trees, designated as WP-abcd, were constructed, where “a” 
stands for overlapping the frequency region [0.875, 1] kHz 
with lower level resolution 62.5 Hz; “b” for overlapping the 
frequency region [1, 1.125] kHz with higher level resolution 
31.25 Hz; “c” for overlapping the frequency region [2.25, 2.5] 



kHz with lower level resolution 125 Hz; and “d” for overlap-
ping the frequency region [2.5, 2.75] kHz with higher level 
resolution 62.5 Hz. 

As our attention is restricted to the regions [0.875, 1.125] 
kHz and [2.25, 2.75] kHz, the parameters “a”, ”b”, “c”, “d” 
receive values: 0 to 2, 0 to 4, 0 to 2, and 0 to 4, respectively. 
Thus, the WP trees (and the corresponding speech features) 
that were experimented with were designated as WP-0000 (no 
overlapping at all) to WP-2424 (complete overlapping with 
two successive frequency resolutions). These constitute a total 
of  different trees (feature sets). After extensive 
experimentation, it was found out that WP-2011 (shown in 
Figure 2) leads to the best speaker verification performance 
among the tested trees. As follows from its designation, the 
areas of overlapping in WP-2011 are: the frequency range 
[0.875, 1] kHz covered with resolutions 31.25 Hz and 62.5 
Hz; and the frequency range [2.375, 2.5625] kHz covered 
with resolutions 62.5 Hz and 125 Hz.  

The parameters corresponding to the ODWPFs WP-2011 
are as follows:  and 15

6 2M = − , 31
76 0M = , 19

5 1M =− , 39
6 1M = . 

All the rest are zero ( 0n
jM = ). Thus, the overlapping parameter 

is M=4. As presented in Figure 2, the total number of fre-
quency bands in the WP-2011 is 72. However, since the first 

four do not contribute much to the speech content they are 
discarded. Thus, sixty-eight frequency bands (B=68) are taken 
into account in the computation of the ODWPFs. 

5. Feature extraction process 

Figure 1 presents the computation of the proposed speech 
features, referred to as ODWPFs WP-2011, which are derived 
from the corresponding wavelet packet tree designed in Sec-
tion 4. The sampled speech signal is filtered by a fifth order 
Butterworth filter with pass-band from 80 Hz to 3800 Hz, 
followed by framing in intervals of 32 milliseconds, with a 
skip rate of 16 milliseconds. Due to the compact support of 
wavelets, no Hamming or other complex window is required, 
and therefore a rectangular one is considered. A pre-emphasis 
filter  is employed. A voiced/unvoiced speech 

separation is obtained using a pitch estimator [13]. Only those 
feature vectors representing voiced speech frames are further 
used. In accordance to the wavelet tree WP-2011, a wavelet 
packet decomposition at a maximum depth of j=7 (corre-
sponding to a frequency resolution of 31.25 Hz) is applied. In 
order to avoid appearance of false large amplitude coefficients 
at the margins between successive speech frames, boundary 
wavelets were utilized in the computation of the WPT. The 
normalized energy in each frequency band is computed as: 

 (5) 

where  is the i-th coefficient of the vector  of the 

ODWPT, and B is the total number of frequency bands. 
Finally, logarithmic compression is performed and Dis-

crete Cosine Transformation is applied on the logarithmic 
subband energies to decorrelate the parameters: 

,     (6) 

where r is the number of parameters in the feature vector. We 
consider r=35, since the first 35 coefficients represent 99.99% 
of the energy of the complete set of 68.  

6. Experiments and results 

In a thorough evaluation, the proposed feature set WP-2011, 
was compared with other speech features on the 2001 NIST 
speaker recognition evaluation database. A common protocol 
was followed in all experiments according to the rules de-
scribed in the 2001 NIST SRE Plan [14]. In brief, approxi-
mately 40 seconds of voiced speech were detected (in two-
minute recordings) for training the target models. The com-
mon reference model was created by exploiting the male train-
ing speech available in the 2002 NIST SRE database [15]. 
Approximately one hour and forty minutes of voiced speech 
was available for that purpose. After training, the user models 
were tested carrying out all male trials as defined in the com-
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Figure 2: The wavelet-packet tree for the proposed features. Only 
the frequency bands drawn with solid bold line are utilized in 
the computation of the ODWPFs WP-2011. Overlapping occurs 
over frequency bands [0.875, 1] kHz and [2.375, 2.625] kHz. 

Figure 1: Schematic representation of the proposed wavelet packet features (ODWPFs) computation 
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plete one-speaker detection task. Each experiment comprised 
850 target and 8500 impostor trials with a duration from 0 to 
60 seconds of speech.  

In the experiments with the proposed WP-2011 features, 
the training and testing data were processed in the way de-
scribed in Section 5. In the experiments with the Sarikaya’s 
features [3] and Farooq-Datta’s features [4] we followed the 
methodology proposed by the corresponding author. In the 
experiments with the MFCCs, we evaluated two implementa-
tions: (1) with a filter-bank of 20 filters (MFCC FB-20) based 
on HTK [16], and (2) with a filter-bank of 32 filters (MFCC 
FB-32) based on Auditory Toolbox [17]. In the later case, the 
number of filters was reduced from 40 to 32 to accommodate 
for sampling rate of 8 kHz. Table 1 presents the normalized 
optimal decision cost function (DCFopt) [15] and the Equal 
Error Rate for the evaluated speech features.  

Table 1. The Equal Error Rate (EER) in percentage together with 
the normalized optimal Decision Cost Function (DCFopt) for 
the evaluated speech feature sets. 

Speech Features Set of coef. DCF 
opt 

EER 
[%] 

WP-2011 – proposed {1,2,…,35} 0.598 16.12
WP-2011 {2,3,…,35} 0.596 15.88
WP-2011 {3,4,…,35} 0.587 15.53
* WP-2011 {4,5,…,35} 0.547 13.39

WP-0000 – baseline {1,2,…,35} 0.611 16.59
WP-0000 {2,3,…,35} 0.581 15.41
WP-0000 {3,4,…,35} 0.565 15.19
* WP-0000 {4,5,…,35} 0.559 13.76

WP2 – Sarikaya {1,2,…,24} 0.670 18.15
WP2 {2,3,…,24} 0.624 17.14
WP2 {3,4,…,24} 0.617 15.96
* WP2 {4,5,…,24} 0.594 15.39

MFCC FB-32 {1,2,…,32} 0.716 17.45
* MFCC FB-32 {2,3,…,32} 0.597 16.35

WP3 – Farooq-Datta {1,2,…,13} 0.691 19.61
WP3 {2,3,…,13} 0.692 19.08
WP3 {3,4,…,13} 0.695 17.74
* WP3 {4,5,…,13} 0.651 16.98

MFCC FB-20 (HTK) {2,…,13, 
�

, 
� �

} 0.686 17.42

Comparing the best sets (designated by “*”) of each kind, 
the Farooq-Datta’s set, WP3, exhibits the highest EER, while 
the proposed set, WP-2011, presents the lowest one. The Sari-
kaya’s features, WP2, perform better than the MFCCs, but are 
outperformed by the proposed features, WP-2011. A relative 
reduction of the EER by 27%, 22%, and 15% was observed 
for the proposed WP-2011, compared to the Farooq-Datta’s,
MFCC FB-32, and Sarikaya’s features, respectively. In addi-
tion, results for the WP-0000 set are provided. Since these 
speech features were computed by applying the DWPT, in-
stead of the ODWPT, they do not incorporate any overlapping. 
The relative reduction of the EER due to the overlapping ap-
proach is estimated around 3 %. 

7. Conclusions 

A novel speech features set specially designed for speaker 
verification is proposed. It is based on a generalization of 
Wavelet Packet Transform referred to as Overlapping Wavelet 
Packet Transform. The speech features are fine-tuned to em-

phasize particular regions on the frequency axis with the aim 
of better differentiation of human voices. A comparative ex-
perimental evaluation of the proposed features, performed on 
a well-known speaker recognition corpus, validated the prac-
tical significance of our approach. The proposed speech fea-
tures, due to a better representation of the speaker-specific 
variations in speech signal, demonstrated a superior perform-
ance, when contrasted to two other wavelet packet-based 
speech features, as well as to the Mel-frequency cepstral coef-
ficients. A relative reduction of the EER by 15%, 22%, and 
27%, were obtained, respectively. 
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